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(57)  An image processing apparatus (1) includes a
controller (20). The controller (20) calculates a funda-
mental frequency componentincluded in sound data and

quency component and the harmonic componentinto im-
age data, and generates a sound image where the fun-
damental frequency component and the harmonic com-

ponent converted into the image data are arranged ad-
jacent each other.
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Description
TECHNICAL FIELD

[0001] The present invention relates to an image
processing apparatus and an image processing method.

BACKGROUND ART

[0002] A method for determining whether a sound of a
device is normal or abnormal has been known (Patent
Literature 1). The invention described in Patent Literature
1 determines whether a sound of a device is normal or
abnormal using a locus vector indicating intensity fea-
tures in all time directions and a previously learned iden-
tification parameter.

CITATION LIST
PATENT LITERATURE

[0003] Patent Literature 1: WO 2015/068446

SUMMARY OF INVENTION
TECHNICAL PROBLEM

[0004] When a machine learning model for determin-
ing an abnormality using sound data is generated, it is
conceivable to generate a machine learning model by
quantifying sound data by physical quantities, such as
sound pressure (dB) indicating the magnitude of sound
data and frequency (Hz) indicating the pitch of sound
data. Although it is possible to effectively generate a ma-
chine learning model by imaging sound data, the inven-
tion described in Patent Literature 1 does not mention
imaging of sound data.

[0005] Inresponse to the above issue, an object of the
present invention is to provide an image processing ap-
paratus and an image processing method of imaging
sound data.

TECHNICAL SOLUTION

[0006] An image processing apparatus according to
one aspect of the present invention calculates a funda-
mental frequency componentincluded in sound data and
a harmonic component corresponding to the fundamen-
tal frequency component, converts the fundamental fre-
quency componentand the harmonic componentinto im-
age data, and generates a sound image where the fun-
damental frequency component and the harmonic com-
ponent that have been converted into the image data are
arranged adjacent each other.

ADVANTAGEOUS EFFECTS

[0007] The presentinvention enables a machine learn-
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ing model of sound data to be generated by imaging
sound data.

BRIEF DESCRIPTION OF DRAWINGS
[0008]

[Fig. 1] Fig. 1 is a schematic configuration diagram
illustrating an image processing apparatus 1 accord-
ing to a first embodiment of the present invention.
[Fig. 2A] Fig. 2A is an example of an image of sound
data according to the firstembodiment of the present
invention.

[Fig. 2B] Fig. 2B is an example of a frequency anal-
ysis result.

[Fig. 3] Fig. 3 is an example of a machine learning
model displayed on a display 50.

[Fig. 4] Fig. 4 is a flowchart illustrating an operation
example of the image processing apparatus 1 ac-
cording to the first embodiment of the present inven-
tion.

[Fig. 5] Fig. 5 is a schematic configuration diagram
illustrating an image processing apparatus 1 accord-
ingto a second embodiment of the present invention.
[Fig. 6] Fig. 6 is an example of an image of sound
data according to the second embodiment of the
present invention.

[Fig. 7] Fig. 7 is a flowchart illustrating an operation
example of the image processing apparatus 1 ac-
cording to the second embodiment of the present
invention.

[Fig. 8] Fig. 8 is a schematic configuration diagram
illustrating an image processing apparatus 1 accord-
ing to a third embodiment of the present invention.
[Fig. 9] Fig. 9 is an example of an image of sound
data according to the third embodiment of the
present invention.

[Fig. 10]Fig. 10is a flowchartillustrating an operation
example of the image processing apparatus 1 ac-
cording to the third embodiment of the present in-
vention.

[Fig. 11] Fig. 11 is a schematic configuration diagram
illustrating an image processing apparatus 1 accord-
ing to a fourth embodiment of the present invention.
[Fig. 12] Fig. 12 is an example of an image of sound
data according to the fourth embodiment of the
present invention.

[Fig. 13]Fig. 13is aflowchartillustratingan operation
example of the image processing apparatus 1 ac-
cording to the fourth embodiment of the present in-
vention.

[Fig. 14] Fig. 14 is a schematic configuration diagram
of an image processing apparatus 1 according to a
fifth embodiment of the present invention.

[Fig. 15] Fig. 15 is a diagram illustrating an example
of a method of cutting out an image of sound data.
[Fig. 16]Fig. 16is a flowchartillustratingan operation
example of the image processing apparatus 1 ac-
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cording to the fifth embodiment of the presentinven-
tion.

[Fig. 17]Fig. 17 is a schematic configuration diagram
of an image processing apparatus 1 according to a
sixth embodiment of the present invention.

[Fig. 18A] Fig. 18A is a flowchart illustrating an op-
eration example of the image processing apparatus
1 according to the sixth embodiment of the present
invention.

[Fig. 18B] Fig. 18B is a flowchart illustrating an op-
eration example of the image processing apparatus
1 according to the sixth embodiment of the present
invention.

DESCRIPTION OF EMBODIMENTS

[0009] Embodiments of the present invention are de-
scribed below with reference to the drawings. In the draw-
ings, the same parts are denoted by the same reference
numerals, and the description thereof is omitted.

[First embodiment]
(Configuration example of image processing apparatus)

[0010] A configuration example of an image process-
ing apparatus 1 according to a first embodiment is de-
scribed with reference to Fig. 1. As illustrated in Fig. 1,
the image processing apparatus 1 includes a controller
20, a storage device 40, and a display 50.

[0011] The controller 20 acquires sound data via a mi-
crophone 10 and analyzes the acquired sound data. The
controller 20 is a general-purpose microcomputer includ-
ing a CPU (central processing unit), a memory, and an
input/output unit. The microcomputer has a computer
program installed to function as the image processing
apparatus 1. By executing the computer program, the
microcomputer functions as multiple information
processing circuits provided in the image processing ap-
paratus 1. Note that the example described here is to
use software to realize the multiple information process-
ing circuits provided in the image processing apparatus
1; however, it is also possible to prepare dedicated hard-
ware for executing each information processing de-
scribed below to configure the information processing
circuits. Further, the multiple information processing cir-
cuits may be configured by individual hardware. The con-
troller 20 includes a sound data acquisition unit 21, a
frequency characteristics analysis unit22, a fundamental
frequency calculation unit 23, a sound data image gen-
eration unit 24, and a machine learning model generation
unit 25, as the multiple information processing circuits.
[0012] Asdescribed above, the sound data acquisition
unit 21 acquires sound data via the microphone 10. The
sound data acquired by the sound data acquisition unit
21 are converted into an electric signal and treated as
time-series data. The sound data acquired by the sound
data acquisition unit 21 is given a label indicating normal
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or abnormal and is used as machine learning teacher
data. Note that the sound data is, for example, sound
data of a machine used in a factory.

[0013] The frequency characteristics analysis unit 22
analyzes frequency characteristics of the sound data ac-
quired by the sound data acquisition unit 21. As an anal-
ysis method, signal processing represented by FFT (Fast
Fourier Transform) is used, for example. The FFT con-
verts time series data into frequency data to provide "fre-
quency-energy characteristics".

[0014] The fundamental frequency calculation unit 23
calculates a fundamental frequency of the sound data
using the "frequency-energy characteristics" acquired by
the frequency characteristics analysis unit 22. The fun-
damental frequency calculation unit 23 calculates har-
monics corresponding to the calculated fundamental fre-
quency.

[0015] The sound data image generation unit 24 gen-
erates an image of the sound data using the fundamental
frequency calculated by the fundamental frequency cal-
culation unit 23.

[0016] The machine learning model generation unit 25
generates an optimum machine learning model for de-
termining normality and abnormality in the sound data
using the image generated by the sound data image gen-
eration unit 24. The machine learning model generation
unit 25 confirms the performance of determining normal-
ity and abnormality of sound data by multiple machine
learning algorithms using cross verification or the like and
outputs a model with the best performance. Note that the
machine learning model generation unit 25 may also out-
put other models together.

[0017] The storage device 40 stores the "frequency-
energy characteristics" acquired by the frequency char-
acteristics analysis unit 22, the sound data image gen-
erated by the sound data image generation unit 24, the
machine learning model generated by the machine learn-
ing model generation unit 25, and the like.

[0018] The display 50 displays the machine learning
model generated by the machine learning model gener-
ation unit 25 and its prediction performance and the like.
[0019] Next, an example of the image generated by
the sound data image generation unit 24 is described
with reference to Figs. 2A and 2B.

[0020] An image 60 in Fig. 2A is an example of the
image generated by the sound data image generation
unit 24. First, a method of generating the image 60 is
described. Details of the image 60 is described later. The
sound data acquisition unit 21 acquires sound data of
any machine. The sound data is converted into an electric
signal. Note that the image 60 is acquired by converting
sound data into image data and may be referred to as a
sound image.

[0021] The frequency characteristics analysis unit 22
analyzes the electric signal using the FFT. Fig. 2B illus-
trates an example of an analysis result. In Fig. 2B, the
vertical axis indicates sound pressures (dB(A)), and the
horizontal axis indicates frequencies (Hz). The FFT pro-
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vides the "frequency-energy characteristics" illustrated
in Fig. 2B.

[0022] The fundamental frequency calculation unit 23
calculates the fundamental frequency of sound data us-
ing the "frequency-energy characteristics" illustrated in
Fig. 2B. The fundamental frequency refers to a frequency
of the lowest frequency component when the signal
(which refers to sound data converted into an electric
signal here) is represented by the synthesis of sine
waves. The fundamental frequency is sometimes called
a fundamental wave. According to the FFT, as illustrated
in Fig. 2B, multiple peak frequencies (peaks of a spec-
trum) generally appears. The method of calculating the
fundamental frequency is not limited, but for example, as
illustrated in Fig. 2B, the minimum peak frequency
(400Hz in Fig. 2B) among the multiple peak frequencies
may be calculated as the fundamental frequency.
[0023] As another calculation method, a frequency be-
tween peaks may be calculated as the fundamental fre-
quency. As illustrated in Fig. 2B, large peaks appear at
1200 Hz and 1600 Hz. The frequency between the peaks
(1600 - 1200 = 400 Hz) may be calculated as the funda-
mental frequency.

[0024] As another calculation method, a difference of
frequencies between peaks may be acquired, and when
the difference is the same as the minimum peak frequen-
cy, the frequency may be calculated as the fundamental
frequency. Specifically, as illustrated in Fig. 2B, since the
difference in frequency between the peaks (400 Hz as
described above) is the same as the minimum peak fre-
quency (400 Hz), the fundamental frequency calculation
unit 23 may calculate 400 Hz as the fundamental fre-
quency. Here, "the difference is the same as the minimum
peak frequency" is not limited to the exact same. "The
difference is the same as the minimum peak frequency"
means substantially the same (can be regarded as nearly
the same). In the first embodiment, the fundamental fre-
quency is set as 400 Hz. The fundamental frequency is
one per sound data.

[0025] Next, the fundamental frequency calculation
unit 23 calculates harmonics corresponding to the calcu-
lated fundamental frequency. Harmonics means a high-
er-orderfrequency componentthatincludes integral mul-
tiples of a wave motion having a certain frequency com-
ponent (here, the fundamental frequency component).
Harmonics are sometimes called overtones in the field
of music. As illustrated in Fig. 2B, large peaks are ob-
served at frequencies that are integral multiples (2x, 3x,
etc.) of the fundamental frequency (400 Hz). The funda-
mental frequency calculation unit 23 calculates frequen-
cies (800 Hz, 1200 Hz, etc.) of integral multiples of as
harmonics corresponding to the fundamental frequency.
[0026] The sound data image generation unit 24 gen-
erates atwo-dimensionalimage, such as a so-called heat
map, as illustrated in Fig. 2A, using the fundamental fre-
quency and harmonics calculated by the fundamental
frequency calculation unit 23. In Fig. 2A, the vertical axis
represents overtones and the horizontal axis represents
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frequencies. More specifically, the horizontal axis indi-
cates frequencies of 0 to 400 Hz. The overtones on the
vertical axis mean overtones of the fundamental frequen-
cy (400 Hz). The image 60 is formed by multiple pixels
indicating corresponding frequencies. In the image 60,
under a pixel 60a indicating 400 Hz, a pixel 60b indicating
800 Hz (2 times 400 Hz) is arranged adjacently. The
same applies below, and under the pixel 60b indicating
800 Hz, a pixel indicating 1200 Hz (3 times 400 Hz) is
arranged adjacently. In the lower right of the image 60,
a pixel indicating 8400 Hz (21 times 400 Hz) is arranged.
In the horizontal axis and the vertical axis, the pixels are
arranged in frequency order. The image 60 may be image
data made from a two-dimensional matrix in which two-
dimensional predetermined areas (areas where the pix-
els 60a, 60b are arranged) are set for respective frequen-
cy components, and these predetermined areas are ar-
ranged adjacently in the vertical and horizontal direc-
tions.

[0027] In this way, the sound data image generation
unit 24 converts the fundamental frequency component
and harmonic component calculated by the fundamental
frequency calculation unit 23 into image data. The fun-
damental frequency component converted into image
data is represented as the pixel 60a (400 Hz). The har-
monic component converted into the image data is rep-
resented as the pixel 60b (800 Hz). As illustrated in Fig.
2A, the image 60 (sound image) is generated in which
the fundamental frequency component (pixel 60a indi-
cating 400 Hz) and the harmonic component (pixel 60b
indicating 800 Hz) converted into image data are ar-
ranged adjacently. The sound image is acquired by con-
verting the fundamental frequency component included
in sound data and the harmonic componentinto animage
by predetermined processing.

[0028] The image 60 is illustrated in a rectangular
shape but is not limited to this. For example, the image
60 may have a thin comb shape for increasing resolution.
Each of the pixels is also illustrated in a rectangle shape
but is not limited to this. Further, the respective pixels are
discretely arranged at a distance from each other but not
limited thereto. The respective pixels may be continuous-
ly arranged without any distance from each other. The
vertical axis and the horizontal axis may be interchanged.
In Fig. 2A, the fundamental frequency component and
the harmonic component corresponding to the funda-
mental frequency component are arranged adjacently in
the vertical axis but may be arranged adjacently in the
horizontal axis.

[0029] In Fig. 2A, each pixel is set as a brightness or
color corresponding to the amplitude of the sound data.
For example, the pixels 60a and 60b having large sound
pressures are set to a dark color (for example, red), such
as in a heat map. Other pixels (for example, pixel 60c)
are set to a light color (for example, green), such asina
heat map. Note that the pixels 60d and 60e are examples
of indication of an abnormality in sound data, and bright-
nesses or colors are set differently from other pixels. The
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brightnesses or colors of pixels are set so that the oper-
ator can grasp the intensity, normality, abnormality, and
the like of the sound data at a glance.

[0030] Next, a machine learning model is described
with reference to Fig. 3. The machine learning model
generation unit 25 generates an optimum machine learn-
ing model for determining normality and abnormality in
sound data using the image 60 generated by the sound
data image generation unit 24. As described above, the
label indicating normal or abnormal is attached to the
sound data. Thus, the machine learning in the first em-
bodiment is so-called supervised learning.

[0031] The machine learning model generation unit 25
generates a machine learning model using a well-known
machine learning algorithm. Machine learning algorithms
to be used include Decision Tree, Random Forest, Gra-
dient Boosted Tree (GBT), General Linear Regression
(GLR), Support Vector Machine (SVM), and Deep Learn-
ing. However, the presentinvention is not limited thereto,
and any algorithm capable of supervised learning may
be used.

[0032] The machine learning prediction performance
is compared by any one of or a combination of items
indicating the performance of the machine learning algo-
rithm, such as Accuracy, Precision, and Recall. The mod-
el with the highest prediction performance is selected
based on the comparison result.

[0033] As illustrated in Fig. 3, the machine learning
modelgeneration unit 25 displays the generated machine
learning model and its prediction performance on the dis-
play 50. On the left side of the display 50, the generated
machine learning model (Decision Tree, etc.) and its pre-
diction performance (70%, etc.) are displayed. On the
right side of the display 50, details of the model (Deep
Learning) with the highest prediction performance are
displayed. As the details of Deep Learning, the form,
number of learning, ratio of normal and abnormal data,
number of intermediate layers, and a Confusion Matrix
acquired by cross validation.

[0034] Next, an operation example of the image
processing apparatus 1 according to the first embodi-
ment is described with reference to a flowchart of Fig. 4.
[0035] Instep S101, the sound data acquisition unit 21
acquires sound data viathe microphone 10. The acquired
sound data are converted into an electric signal and treat-
ed as time series data. The process proceeds to step
S103, and the frequency characteristics analysis unit 22
analyzes the electric signal acquired in step S101 using
the FFT. The FFT provides the "frequency-energy char-
acteristics" (see Fig. 2B).

[0036] The process proceeds to step S105, and the
fundamental frequency calculation unit 23 calculates a
fundamental frequency of the sound data using the "fre-
quency-energy characteristics" acquired in step S103.
The above-described method is used for calculating the
fundamental frequency. The process proceeds to step
S107, and the sound data image generation unit 24 gen-
erates the image 60, such as a heat map, using the fun-
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damental frequency calculated in step S105 (see Fig.
2A). In the image 60, a fundamental frequency compo-
nent and a harmonic component corresponding to the
fundamental frequency component are arranged adja-
cently.

[0037] The process proceeds to step S109, and the
image 60 generated in step S107 is displayed on the
display 50. Each of the pixels forming the image 60 is set
as a brightness or color corresponding to an amplitude
of the sound data. Thus, the operator who sees the image
60 can grasp the intensity, normality, abnormality, and
the like of the sound data at a glance.

[0038] The process proceeds to step Sill, and the ma-
chine learning model generation unit 25 selects an algo-
rithm for generating a machine learning model. The se-
lected algorithm includes Decision Tree, Random Forest,
Gradient Boosted Tree (GBT), General Liner Regression
(GLR), Support Vector Machine (SVM), and Deep Learn-
ing.

[0039] The process proceeds to step S113, and the
machine learning model generation unit 25 generates a
machine learning model using the algorithm selected in
step Sill. The process proceeds to step S115, and the
machine learning model generation unit 25 displays the
generated machine learning model and its prediction per-
formance on the display 50 (see Fig. 3). A series of
processing is repeatedly executed until completion (step
S117).

(Advantageous effects)

[0040] As described above, the image processing ap-
paratus 1 according to the first embodiment provides the
following advantageous effects.

[0041] The fundamental frequency calculation unit 23
calculates afundamental frequency componentincluded
in sound data and a harmonic component corresponding
to the fundamental frequency component. The sound da-
ta image generation unit 24 converts the fundamental
frequency component and harmonic component calcu-
lated by the fundamental frequency calculation unit 23
into image data. The sound data image generation unit
24 generates the image 60 (sound image) in which the
fundamental frequency component (pixel 60a in Fig. 2A)
and harmonic component (pixel 60b in Fig. 2A) converted
into image data are arranged adjacently. By generating
asoundimage having such an arrangement, it is possible
to effectively generate a machine learning model. Thus,
it is possible to clearly display or process the amount of
sensation, such as a timbre, which cannot be digitized
by a time-series sound signal or spectral characteristics
by FFT.

[0042] The fundamental frequency component (pixel
60a) and the harmonic component (pixel 60b) have an
overtone relationship. Monophonic tones, such as those
of automobile horns and stringed instruments, are influ-
enced by their overtones. According to the first embodi-
ment, such a relationship can be displayed as a sound
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image.

[0043] The sound data image generation unit 24 ar-
ranges the fundamental frequency component (pixel
60a) and the harmonic component (pixel 60b) adjacent
to each other on the vertical axis or the horizontal axis
of the sound image. This enables the relationship be-
tween the fundamental frequency and the harmonic com-
ponent to be displayed as a two-dimensional sound im-
age.

[0044] The sound data image generation unit 24 gen-
erates a sound image by converting the fundamental fre-
quency componentand the harmonic componentinto im-
age data where brightnesses or colors corresponding to
amplitudes of the sound data are set. This enables the
intensity of the sound or the like to be clearly displayed
as a sound image.

[0045] The sound data image generation unit 24 ar-
ranges multiple frequency components of the sound data
in the order of frequency on the vertical axis or the hori-
zontal axis of the sound image. This enables the sound
data to be displayed as a two-dimensional sound image.

[Second embodiment]

[0046] Next, a second embodiment of the present in-
vention is described with reference to Fig. 5. The second
embodiment differs from the first embodiment in that the
controller 20 includes a scale setting unit 26. A descrip-
tion of a configuration that overlaps the first embodiment
is omitted with reference to reference numerals. The fol-
lowing description focuses on the difference.

[0047] The scale setting unit 26 uses the "frequency-
energy characteristics" acquired by the frequency char-
acteristics analysis unit 22 to set a twelve-tone scale of
"C, C#, D, D#, E, F, G, G#, A, A#, B, B#, (C)", which
corresponds to the "do, re, mi, fa, sol, la, ti (do)" used in
music, and octaves (1 to 10 octaves), which are over-
tones. The scale setting unit 26 classifies sounds of re-
spective frequencies into the twelve-tone scale using the
twelve-tone scale and octaves.

[0048] Next, an example of an image generated by the
sound data image generation unit 24 is described with
reference to Fig. 6.

[0049] Animage 61inFig.6is anexample of animage
generated by the sound data image generation unit 24.
The sound data image generation unit 24 generates the
image 61 by arranging pixels indicating frequencies so
as to correspond to the twelve-tone scale using the
twelve-tone scale and octaves set by the scale setting
unit 26 and the frequencies classified by the scale setting
unit 26. In Fig. 6, the horizontal axis indicates the twelve-
tone scale, and the vertical axis indicates octaves (over-
tones of frequencies). The first line of the image 61 indi-
cates a scale from 32 Hz to 65 Hz, and as the line goes
down, it indicates overtones. Note that in the example in
Fig. 2, overtones have been described as integral multi-
ples of the fundamental frequency, but in the example in
Fig. 6, an overtone means that it is twice the frequency
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of the previous one.

[0050] In the second embodiment, the fundamental
frequency is not 400 Hz but any value. A pitch name
corresponding to the pixel 60a indicating the fundamental
frequency is "A". A pitch name corresponding to the pixel
60b indicating a harmonic corresponding to the funda-
mental frequency is also "A". As illustrated in Fig. 6, the
pixel 60a and the pixel 60b are arranged adjacent to each
other. Generating the image 61 enables the sound data
to be represented as a two-dimensional image adapted
to human hearing characteristics.

[0051] Theimage 61 is also illustrated in a rectangular
shape like the image 60 (see Fig. 2A) but is not limited
thereto. Modifiable matters in the image 60 also apply to
the image 61.

[0052] The machine learning model generation unit 25
generates an optimum machine learning model for de-
termining normality and abnormality in sound data using
the image 61. Since the details are the same as those of
the first embodiment, the description thereof is omitted.
[0053] Next, an operation example of the image
processing apparatus 1 according to the second embod-
iment is described with reference to a flowchart of Fig.
7. However, the processes in steps S201 to S205 and
S209 to S219 are the same as those in steps S101 to
S105and S107 to S117 in Fig. 4, and thus the description
thereof is omitted.

[0054] In step S207, the scale setting unit 26 sets the
twelve-tone scale and octaves that are overtones thereof
using the "frequency-energy characteristics" acquired in
step S203. The scale setting unit 26 classifies sounds of
respective frequencies into the twelve-tone scale using
the twelve-tone scale and octaves.

(Advantageous effects)

[0055] In the second embodiment, the fundamental
frequency component and the harmonic component
have the same scale. The second embodiment enables
music-related events, such as a scale and an octave, to
be displayed as an image.

[Third embodiment]

[0056] Next, a third embodiment of the present inven-
tion is described with reference to Fig. 8. The third em-
bodiment differs from the first embodiment in that the
controller 20 includes a critical band setting unit 27. A
description of a configuration that overlaps the first em-
bodiment is omitted with reference to reference numer-
als. The following description focuses on the difference.
[0057] The critical band setting unit 27 sets the twelve-
tone scale of "C, C#, D, D#, E, F, G, G#, A, A#, B, B#,
(C)", which corresponds to the "do, re, mi, fa, sol, la, ti
(do)" used in music, and a critical band (band numbers
are 1to 24), which is human hearing characteristics, us-
ing the "frequency-energy characteristics" acquired by
the frequency characteristics analysis unit22. The critical
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band setting unit 27 classifies sounds of respective fre-
quencies into the twelve-tone scale using the twelve-tone
scale and the critical band.

[0058] The critical band is defined as a maximum fre-
quency band when the sound intensity of band noise with
a constantband sound pressure level is constant regard-
less of a bandwidth. As another definition, the critical
band is defined as a minimum frequency bandwidth of
band noise, which becomes a sound pressure level at
which a pure sound equal to a center frequency of the
band noise is just heard when the bandwidth is increased
while the spectrum level of the band noise is kept con-
stant.

[0059] Next, an example of an image generated by the
sound data image generation unit 24 is described with
reference to Fig. 9.

[0060] Animage 62inFig.9is anexample of animage
generated by the sound data image generation unit 24.
The sound data image generation unit 24 generates the
image 62 by arranging pixels indicating frequencies so
as to correspond to the twelve-tone scale using the
twelve-tone scale and critical band set by the critical band
setting unit 27 and the frequencies classified by the crit-
ical band setting unit 27.

[0061] In Fig. 9, the horizontal axis indicates the
twelve-tone scale, and the vertical axis indicates a critical
band (band numbers are 1 to 24). In Fig. 9, the "C, C#,
D, D#, E, F, G, G#, A, A#, B, B#, C"in Fig. 6 is omitted.
In Fig. 9, the horizontal axis indicates 32 Hz to 130 Hz,
which is a combination of a first octave and a second
octave. The number of the critical band indicates the min-
imum frequency in that critical band. When the vertical
axis is indicated by frequency, the frequency increases
in the order of 100 Hz, 200 Hz, 300 Hz, 400 Hz, and 510
Hz. The reason why the increase in frequency is irregular
onthe vertical axis is because it simulates human hearing
characteristics. Dashed-dotted lines in Fig. 9 indicate
sensitivity characteristics with respect to the loudness of
sound. A band surrounded by a dashed-dotted line indi-
cates having a similar sensitivity characteristic.

[0062] In the third embodiment, the fundamental fre-
quency is not 400 Hz but any value. As illustrated in Fig.
9, a pixel 60a indicating a fundamental frequency and a
pixel 60b indicating a harmonic corresponding to the fun-
damental frequency are arranged adjacently. By gener-
ating the image 62 in which the fundamental frequency
component and harmonic component having a relation-
ship with respect to the critical band of human hearing
are arranged adjacently, it is possible to represent sound
data as a two-dimensional image matching human hear-
ing characteristics.

[0063] Theimage 62 is also illustrated in a rectangular
shape like the image 60 (see Fig. 2A) but is not limited
thereto. Modifiable matters in the image 60 also apply to
the image 62.

[0064] The machine learning model generation unit 25
generates an optimum machine learning model for de-
termining normality and abnormality in sound data using
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the image 62. The details are the same as those of the
firstembodiment, and thus the description thereof is omit-
ted.

[0065] Next, an operation example of the image
processing apparatus 1 according to the third embodi-
ment is described with reference to a flowchart of Fig.
10. However, the processes in steps S301 to S305 and
S309 to S319 are the same as those in steps S101 to
S105and S107 to S117 in Fig. 4, and thus the description
thereof is omitted.

[0066] In step S307, the critical band setting unit 27
sets the twelve-tone scale and the critical band using the
"frequency-energy characteristics" acquired in step
S303. The critical band setting unit 27 classifies sounds
of respective frequencies into the twelve-tone scale using
the twelve-tone scale and the critical band.

(Advantageous effects)

[0067] In the third embodiment, the fundamental fre-
quency component and the harmonic component have
a relationship with respect to the critical band of human
hearing. The third embodiment enables such a relation-
ship to be displayed as an image.

[Fourth embodiment]

[0068] Next, afourthembodiment of the presentinven-
tion is described with reference to Figs. 11 to 12. The
fourth embodiment differs from the first embodiment in
that the controller 20 includes a time-specific image gen-
eration unit 28 and a three-dimensionalimage generation
unit 29 instead of the sound data image generation unit
24 (see Fig. 11). A description of a configuration that
overlaps the first embodiment is omitted with reference
to reference numerals. The following description focuses
on the difference.

[0069] The image 60 in Fig. 12 is the same as that in
Fig. 2A. The time-specific image generation unit 28 gen-
erates the image 60 using the fundamental frequency
and harmonics calculated by the fundamental frequency
calculation unit 23. Further, the time-specific image gen-
eration unit 28 performs the same processing every pre-
determined time to generate image 63 to 65. The three-
dimensional image generation unit 29 generates a three-
dimensional image 70 using the images 60, and 63 to 65
at every predetermined time generated by the time-spe-
cific image generation unit 28. Specifically, the three-di-
mensional image generation unit 29 adds a time axis to
the images 60, and 63 to 65 (two-dimensional images)
to generate the three-dimensional image 70. Modifiable
matters in the image 60 also apply to the three-dimen-
sionalimage 70. Due to calculation characteristics of the
FFT, the data at every predetermined time are generally
calculated by overlapping the data before and after the
time axis, and a value at the predetermined time is cal-
culated using data with a time length such that it has a
predetermined frequency resolution.
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[0070] The machine learning model generation unit 25
generates an optimum machine learning model for de-
termining normality and abnormality in sound data using
the three-dimensional image 70. The details are the
same as those of the first embodiment, and thus the de-
scription thereof is omitted.

[0071] Next, an operation example of the image
processing apparatus 1 according to the fourth embodi-
ment is described with reference to a flowchart of Fig.
13. However, the processes in steps S401 to S405 and
S413 to S419 are the same as those in steps S101 to
S105and S111t0 S117in Fig. 4, and thus the description
thereof is omitted.

[0072] In step S407, the time-specific image genera-
tion unit 28 generates the images 60, and 63 to 65 at
predetermined intervals using the fundamental frequen-
cy and harmonics acquired in step S405. The process
proceeds to step S409, and the three-dimensional image
generation unit 29 generates the three-dimensional im-
age 70 using the images 60, and 63 to 65 generated at
every predetermined time in step S407. The process pro-
ceeds to step S411, and the three-dimensionalimage 70
generated in step S409 is displayed on the display 50.
Each pixel forming the three-dimensionalimage 70 is set
as a brightness or color corresponding to the amplitude
of the sound data. Thus, the operator who sees the three-
dimensional image 70 can grasp the intensity, normality,
abnormality, and the like of the sound data at a glance.

(Advantageous effects)

[0073] The fourth embodiment enables sound data to
be displayed as a three-dimensional image.

[Fifth embodiment]

[0074] Next, a fifth embodiment of the present inven-
tion is described with reference to Figs. 14 to 15. The
fifth embodiment differs from the fourth embodiment in
that the controller 20 further includes a frequency setting
unit 30 and an image cutout unit 31 (see Fig. 14). A de-
scription of the configuration that overlaps the fourth em-
bodiment is omitted with reference to reference numer-
als. The following description focuses on the difference.
[0075] The frequency setting unit 30 sets a frequency
to be extracted from the three-dimensionalimage 70. The
frequency set by the frequency setting unit 30 is any fre-
quency, and the fundamental frequency may be set.
[0076] Theimage cutout unit 31 cuts out pixels related
to the frequency set by the frequency setting unit 30.
Specifically, as illustrated in Fig. 15, the image cutout
unit 31 cuts out data 80 of a plurality of pixels correspond-
ing to the frequency set by the frequency setting unit 30.
The image cutout unit 31 generates a spectrogram using
the cutout data 80. A spectrogram is an arrangement in
which a spectrum of frequency characteristics is ar-
ranged on a time axis, and intensity is represented by
colors, like a heat map.
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[0077] The machine learning model generation unit 25
generates an optimum machine learning model for de-
termining normality and abnormality in sound data using
the spectrogram. The details are the same as those of
the first embodiment, and thus the description thereof is
omitted.

[0078] Next, an operation example of the image
processing apparatus 1 according to the fifth embodi-
ment is described with reference to a flowchart of Fig.
16. However, the processes in steps S501 to S509 and
S515 to S521 are the same as those in steps S401 to
S409 and S413 to S419in Fig. 13, the description thereof
is omitted.

[0079] Instep S511, the frequency setting unit 30 sets
a frequency to be extracted from the three-dimensional
image 70. The process proceeds to step S513, and the
image cutout unit 31 cuts out pixels relating to the fre-
quency set in step S511. The image cutout unit 31 gen-
erates a spectrogram using the cutout pixels.

(Advantageous effects)

[0080] The fifth embodiment enables analysis to be
performed using a spectrogram.

[Sixth embodiment]

[0081] Next, a sixth embodiment of the present inven-
tion is described with reference to Fig. 17. The sixth em-
bodiment differs from the first embodiment in that the
controller 20 includes a new sound data acquisition unit
32, an image processing unit 33, and a determination
unit 34. A description of a configuration that overlaps the
first embodiment is omitted with reference to reference
numerals. The following description focuses on the dif-
ference.

[0082] Thenewsounddataacquisitionunit32acquires
new sound data via a microphone 11 different from the
microphone 10. The microphones 10 and 11 are attached
to machines of the same type. The sound data image
generation unit 24 generates an image of the new sound
data.

[0083] The image processing unit 33 uses the image
of the new sound data as input data of the machine learn-
ing model generated by the machine learning model gen-
eration unit 25. The image processing unit 33 outputs an
index, such as the degree of agreement of images, using
a predetermined image processing method.

[0084] The determination unit 34 compares the output
value output by the image processing unit 33 with a preset
threshold value. When the output value is greater than
the threshold value, the determination unit 34 determines
thatthe sound datais normal. In contrast, when the output
value is equal to or less than the threshold value, the
determination unit 34 determines that the sound data is
abnormal. Note that the determination method is not lim-
ited to a method using a threshold value, and other meth-
ods may be used.
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[0085] The determination result by the determination
unit 34 is displayed on the display 50. Although not illus-
trated, the determination result by the determination unit
34 may be notified by voice through a speaker. When
the determination result by the determination unit 34 is
abnormal, a red rotating light may be turned on.

[0086] Next, an operation example of the image
processing apparatus 1 according to the sixth embodi-
ment is described with reference to flowcharts of Figs.
18A and 18B. However, the processes in step S601 to
S613 are the same as those in steps S101 to S113 in
Fig. 4, and thus the description thereof is omitted.
[0087] In step S615, the new sound data acquisition
unit 32 acquires new sound data via the microphone 11.
The acquired new sound datais converted into an electric
signal and treated as time series data. The process pro-
ceeds to step S617, and the frequency characteristics
analysis unit 22 analyzes the electric signal acquired in
step S615 usingthe FFT. The FFT provides the "frequen-
cy-energy characteristics".

[0088] The process proceeds to step S619, and the
fundamental frequency calculation unit 23 calculates a
fundamental frequency of the new sound data using the
"frequency-energy characteristics" acquired in step
S617. The process proceeds to step S621, and it is de-
termined whether the fundamental frequency calculated
in step S619 agrees with the fundamental frequency of
the machine learning model generated in step S613. The
reason for this determination is that when the fundamen-
tal frequencies are different, the machine learning model
cannot perform the normal and abnormal determination
processing. Note that "the fundamental frequencies
agree with each other" means substantial agreement.
[0089] When the fundamental frequencies do not
agree with each other (NO in step S621), "Determination
processing not possible due to disagreement of funda-
mental frequencies" is displayed on the display 50, and
the process proceeds to step S631. In contrast, when
the fundamental frequencies agree with each other (YES
in step S621), the process proceeds to step S623, and
the sound data image generation unit 24 generates an
image of the new sound data using the fundamental fre-
quency calculated in step S619.

[0090] The process proceeds to step S625, and the
image processing unit 33 uses the image of the new
sound data generated in step S623 as input data for the
machine learning model. The image processing unit 33
outputs an index, such as the degree of agreement of
images, using a predetermined image processing meth-
od. The determination unit 34 compares the output value
output by the image processing unit 33 with a preset
threshold value to determine whether the sound data is
normal or abnormal.

[0091] The process proceeds to step S627, and the
determination result of step S625 is displayed on the dis-
play 50. The process proceeds to step S629, and a file
name of the new sound data, a name of the machine
learning model, a processing execution time, a value of
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the fundamental frequency, a determination result, and
the like are stored in the storage device 40. A series of
processing is repeatedly executed until completion (step
S631). Note that when the processing is completed, a
notice "End of normal/abnormal determination process-
ing" may be displayed on the display 50.

(Advantageous effects)

[0092] The sixth embodiment makes it possible to de-
termine whether other sound data are normal or abnor-
mal using a machine learning model acquired by imaging
sound data.

[0093] Each of the functions described in the above
embodiments may be implemented by one or more
processing circuits. The processing circuitincludes a pro-
grammed processing device, such as a processing de-
vice including an electric circuit. The processing circuit
also includes devices, such as an application specific
integrated circuit (ASIC) arranged to perform the de-
scribed functions and circuit components.

[0094] While embodiments of the present invention
have been described as above, the statements and draw-
ings that form part of this disclosure should not be un-
derstood as limiting the invention. Various alternative em-
bodiments, examples, and operating techniques will be-
come apparent to those skilled in the art from this disclo-
sure.

[0095] In the above-described embodiments, a ma-
chine learning model is used as a method for determining
normality and abnormality in other sound data, but the
method is not limited thereto. For example, an abnormal-
ity in the image (sound data) may be determined by com-
paring the fundamental frequency component and har-
monic component with other frequency components.
This makes it possible to determine whether the sound
data is normal or abnormal in a case where there is no
overtone relation, such as a critical band.

[0096] Further, the determination unit 34 may deter-
mine an abnormality in a predetermined sound included
in sound data using the image 60 (sound image).
[0097] Theimage 60 (soundimage)may be made from
a two-dimensional matrix including a fundamental fre-
quency component and harmonic component converted
into image data, and other frequency components con-
verted into image data, wherein a predetermined area is
set for each frequency component. Note that the other
frequency components mean frequency components
other than the fundamental frequency component and
the harmonic component.

REFERENCE SIGNS LIST
[0098]
1 Image processing apparatus

20 Controller
21  Sound data acquisition unit
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22 Frequency characteristics analysis unit
23  Fundamental frequency calculation unit
24  Sound data image generation unit

25  Machine learning model generation unit
26  Scale setting unit

27  Critical band setting unit

28 Time-specific image generation unit

30 Frequency setting unit

31 Image cutout unit

32  New sound data acquisition unit

33 Image processing unit

34  Determination unit

40  Storage device

50 Display

Claims

1. Animage processing apparatus for acquiring sound

data and analyzing the sound data that have been
acquired, the image processing apparatus compris-
ing:

acontroller configured to: calculate afundamen-
tal frequency component included in the sound
data and a harmonic component corresponding
to the fundamental frequency component;
convert the fundamental frequency component
and the harmonic component that have been
calculated into image data; and

generate a sound image in which the fundamen-
tal frequency componentand the harmonic com-
ponent that have been converted into the image
data are arranged adjacent each other.

The image processing apparatus according to claim
1, wherein the fundamental frequency component
and the harmonic component have an overtone re-
lationship, a same pitch name, or a relationship with
respect to a critical band of human hearing.

The image processing apparatus according to claim
1 or 2, wherein the controller arranges the funda-
mental frequency component and the harmonic
component adjacent to each other on a vertical axis
or a horizontal axis of the sound image.

The image processing apparatus according to any
one of claims 1to 3, wherein the controller generates
the sound image by converting the fundamental fre-
quency component and the harmonic component in-
to image data in which a brightness or a color cor-
responding to an amplitude of the sound data is set.

The image processing apparatus according to claim
1, wherein the controller arranges a plurality of fre-
quency components of the sound data in frequency
order on a vertical axis or a horizontal axis of the
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10

sound image.

The image processing apparatus according to claim
1, wherein the sound image includes a two-dimen-
sional matrix including the fundamental frequency
component and the harmonic component that have
been converted into the image data, and other fre-
quency components that have been converted into
image data, the two-dimensional matrix having a pre-
determined area set for each frequency component.

The image processing apparatus according to any
one of claims 1 to 6, wherein the controller deter-
mines an abnormality in a predetermined sound in-
cluded in the sound data using the sound image.

The image processing apparatus according to any
one of claims 1 to 6, wherein the controller generates
a machine learning model by machine learning the
sound image and determines an abnormality in the
sound image using the machine learning model.

The image processing apparatus according to claim
1, wherein the sound image includes a two-dimen-
sional matrix including the fundamental frequency
component and the harmonic component that have
been converted into the image data, and other fre-
quency components that have been converted into
image data, the two-dimensional matrix having a pre-
determined area set for each frequency component,
and

the controller determines an abnormality in the
sound image by comparing the fundamental fre-
quency component and the harmonic component
with the other frequency components.

10. A method of processing an image, comprising:

acquiring sound data;

calculating a fundamental frequency compo-
nent included in the sound data and a harmonic
component corresponding to the fundamental
frequency component;

converting the fundamental frequency compo-
nent and the harmonic component that have
been calculated into image data; and
generating a sound image where the fundamen-
talfrequency componentand the harmonic com-
ponent that have been converted into the image
data are arranged adjacent each other.



EP 4 109 058 A1

FIG. 1

20
_~-10 21
MICROPHONE ACGUISITION UNIT
22
FREQUENCY CHARACTERISTICS
ANALYSIS UNIT
23

FUNDAMENTAL FREQUENCY
CALCULATION UNIT

/ //Lf’24

SOUND DATA IMAGE
GENERATION UNIT

MACHINE LEARNING MODEL
GENERATION UNIT

STORAGE
DEVICE

DISPLAY

1"




EP 4 109 058 A1

FIG. 2A

FREQUENCY (Hz)

100 200 300 400 603

Jootoid

.mm
2000
D%ﬁ&%d
7DDDDDDDDDDI%W
¢ JUO0000000R 320
0 JOO0000000M 3600
overTone | 10 BULUUUUURNUE 4000 | FREQUENCY
11 0000000000 440 (Hz)
12 000000000 4800
13 0O000]0000E 5200
14 000000000 S0
15 pL000000U0LE 8o
16 JUOUO000UBRN 84004,

[
ﬁlvﬁ
@ 12

U

0

OO00O

00000
0oood
Uo0od
00000
U000

v 0000000000 58w’
18 JO 00000000 720
19 JOO0000000aA 760
20 JO000000O00OA 8o
VNDDDD?DDDDD%MW

12



EP 4 109 058 A1

[ZH] AON3ND3YAH
0000t 0006 0008 000L oooo 000s 0oor aoam 0001

e __ ,_; " A_

d¢ Old

0¢€

09 FdNSSI™d

06

0¢l

[(v)ap]
aNNOS

13



EP 4 109 058 A1

\

XIJJBJ\ UOISNuoD

SHAAVT G- SHIAAVYT FLVIAINHILNI 40 H3dNNN
%085-V1va TVIWHONEY - TYIWHON 40 OILVY
(TYWHONEY/TYIWHON) 006 - ONINYYIT 40 H3GWNN
NNJ- W04

/ [Buiuies des(Q) \

0426 suiuies] des(] 9
%P8 saulyoe 10108 A Hoddng g
2468 uoISS9439Y JBUIT |eJBURY) v
%06 994] pejoog jusipely (X
908 15840 wopuey Z
%0L 9a4] uoisius( I
JONVINHOLH3d T3A0ONW ONINYVIT]
NOLLOId3yd INIHOVIA

05"

¢ Old

14



EP 4 109 058 A1

FIG. 4

(. START )

ACQUIRE SOUND DATA

_.~S103

OF SOUND DATA

ANALYZE FREQUENCY CHARACTERISTICS

.~ S105

CALCULATE FUNDAMENTAL FREQUENCY

_.-S107

GENERATE SOUND DATA IMAGE

.~ S109

DISPLAY SOUND DATA IMAGE

S

SELECT MAGCHINE LEARNING MODEL

__~S113

GENERATE MACHINE LEARNING MODEL

__S115

DISPLAY MACHINE LEARNING MODEL

15

PROGCESSING END?




EP 4 109 058 A1

FIG. 5

MICROPHONE

SOUND DATA
ACQUISITION UNIT

FREQUENGY CHARACTERISTICS
ANALYSIS UNIT

FUNDAMENTAL FREQUENCY
CALCULATION UNIT

SCALE SETTING UNIT

SOUND DATA IMAGE
GENERATION UNIT

MACHINE LEARNING MODEL
GENERATION UNIT

//

STORAGE
DEVICE

DISPLAY

16




OCTAVE

EP 4 109 058 A1

FIG. 6

SCALE

CC#DD#EEF G G#A A2 B B# C
DO RE MI FA SOL LA TI DO

000SOSNN00
.000NOSSN00 =
L UUNUSRNOL

3~~~§m§i§ﬁ%ﬁ%
4"‘“,_1&.‘—’&; _HSZgOb
6 ’_\2080

iD 4160
. 8320
. 16640
[ ][ ][ ] 38280

Y

61

o

SO00
T EEZD

CIJNINER (|
N\ e.

@I
CNEE
B | W7

17

FREQUENCY
(Hz)



EP 4 109 058 A1

FIG. 7
( START )

P S201
ACQUIRE SOUND DATA

5203
ANALYZE FREQUENGY CHARACTERISTICS
OF SOUND DATA

.~ S205
CALCULATE FUNDAMENTAL FREQUENCY

5207

SET SCALE

5209
GENERATE SOUND DATA IMAGE

- S211
DISPLAY SOUND DATA IMAGE

__S213
SELECT MACHINE LEARNING MODEL

__~S215
GENERATE MACHINE LEARNING MODEL

. -S217

DISPLAY MACHINE LEARNING MODEL

PROCESSING END?

18



EP 4 109 058 A1

FIG. 8

MICROPHONE

SOUND DATA
ACQUISITION UNIT

FREQUENCY CHARACTERISTICS
ANALY SIS UNIT

FUNDAMENTAL FREQUENCY
CALCULATION UNIT

CRITICAL BAND
SETTING UNIT

SOUND DATA IMAGE
GENERATION UNIT

MACHINE LEARNING MODEL
GENERATION UNIT

STORAGE
DEVICE

DISPLAY

19




BAND
NUMBER

% T % SN o e TN o TN . YU AT W S R S U U W g
W N - O WO g R W - O W

EP 4 109 058 A1

FIG. 9

SCALE

O~ O O B W N -

DOREMIFA SOL LA TIDO RE Mi FA SOL LATIDO

'DDDQQINI

UOUN 602  (J{J

WW’DIIII
ool Q
NOS

ZN

]
87
] |

87

2

X~

62

20

100
200
300

! 400

510
630
770

: 920

1080

. 1270

1480
1720
2000

i 2320

2700
3150
3700

| 4400

5300
6400
7700
9500
12000

7, | 15500

FREQUENCY
(Hz)



EP 4 109 058 A1

FIG. 10

(' START )

P S301

ACQUIRE SOUND DATA

5303

ANALYZE FREQUENC

OF SOUND DATA

Y CHARACTERISTICS

.~ S305

CALCULATE FUNDAMENTAL FREQUENCY

.~ S307

SET CRITICAL BAND

5309

GENERATE SOUND DATA IMAGE

NSSH

DISPLAY SOUN

D DATA IMAGE

. ~S313

SELECT MACHINE

LEARNING MODEL

__~S315

GENERATE MACHINE LEARNING MODEL

- S317

DISPLAY MACHINE

LEARNING MODEL

PROCESS

ING END?

21



EP 4 109 058 A1

FIG. 11

20

MICROPHONE

SOUND DATA
ACQUISITION UNIT

FREQUENGY CHARACTERISTICS
ANALY SIS UNIT

FUNDAMENTAL FREQUENCY
CALCULATION UNIT

TIME-SPECIFIC IMAGE
GENERATION UNIT

THREE-DIMENSIONAL IMAGE
GENERATION UNIT

MACHINE LEARNING MODEL
GENERATION UNIT

STORAGE
DEVICE

DISPLAY

22




EP 4 109 058 A1

FIG. 12

- 65\\
\\

TIME (SECOND)

o
©w

o
w

Uotl.
00007
0ooo.
BIEINE]
0o0o.
0ol
NUOUOUE
0ooo.
U0l
BIBE7IN
0ol
00008
0000%

BiEn
UOUURE
00000%
DDDDDI

W™
0o
oo
O
Qo
OO0O000000»yo00oaoad

) O ) G O O | G 0 O 0 O O O
OO0 0000000000000000

— (OO0

D N
0]
0]
0]
0]
0]
0]
0]
0]

0000000000 00000000000
\DD%DDSDDD%DODD%DDDDDD

23



EP 4 109 058 A1

FIG. 13
( START )

//L//8401

ACQUIRE SOUND DATA

5403

OF SOUND DATA

ANALYZE FREQUENCY CHARACTERISTICS

.~ S405

CALCULATE FUNDAMENTAL FREQUENCY

5407

GENERATE TIME-SPECIFIC IMAGE

5409

GENERATE THREE-DIMENSIONAL IMAGE

//x/f8411

DISPLAY THREE-DIMENSIONAL IMAGE

.~ S413

SELECT MACHINE LEARNING MODEL

.~ S415

GENERATE MACHINE LEARNING MODEL

- S41T

DISPLAY MACHINE LEARNING MODEL

24

PROCESSING END?




EP 4 109 058 A1

FIG. 14

MICROPHONE

SOUND DATA
ACQUISITION UNIT

i /1/22

FREQUENCY CHARACTERISTICS
ANALYSIS UNIT

FUNDAMENTAL FREQUENCY
CALCULATION UNIT

TIME-SPECIFIC IMAGE
GENERATION UNIT

THREE-DIMENSIONAL IMAGE
GENERATION UNIT

/ /'L/30

FREQUENCY SETTING UNIT

IMAGE CUTOUT UNIT

MACHINE LEARNING MODEL
GENERATION UNIT

STORAGE
DEVICE

DISPLAY

25




EP 4 109 058 A1

FIG. 15

TIME (SECOND)

(0 o o | O G { O
DDDDDDQDDDDDDDDDDDDW@
e B0 1 B0 O O O O O O O O O O O O
O0O000000coooooooooooos
\DD%GOSODD%DODD%DGOODO

o
w

26



FIG. 16

EP 4 109 058 A1

( START )

ACQUIRE SOUND DATA

.~ S503

ANALYZE FREQUENCY CHARACTERISTICS
OF SOUND DATA

.~ S505
CALCULATE FUNDAMENTAL FREQUENCY
. ~S507
GENERATE TIME-SPECIFIC IMAGE
5509
GENERATE THREE-DIMENSIONAL IMAGE
.~ S511
SET FREQUENCY
. -S513
CUTOUT IMAGE
. ~S515

SELECT MACHINE LEARNING MODEL

.~ S517

GENERATE MACHINE LEARNING MODEL

__S519

DISPLAY MACHINE LEARNING MODEL

PROCESSING END?

27



EP 4 109 058 A1

AV1dSId

05"

30IA3d

dOVHO1S

or-—"

INOHJOUOIW

LINN NOILVNINY31L3d

e

LINMN ONISS300dd OV

ge"

L
S

I

1INMN NOLLYHEANTD
T3A0NW ONINYVYAT INIHOVIN
Gz
LINM NOILVYHINTD JINN NOLLVYYHINTD
JOVII VIVd ANNOS OVINI VIVA ANNOS
v v
1INN NOLLYINOTVD 1INN NOLLYINO1VO
AONINOIYA TVININVYANNAL AONINDIYd TVLINIWVANNA
e ez
LINM SISATTYNY LINN SISATYNY
SOILSHIALOVHYHD AONINDIHS SOILSHILOVHYHO AONINDIHAL
A A
LINN NOLLISINDOV LINN NOILLISINDOVY
V.1VAd ANNOS M3N V.1vd aNNos INOHJOUOIN
e 1z oL
0z

L1 Old

28



EP 4 109 058 A1

FIG. 18A

( START )

P S601

ACQUIRE SOUND DATA

5603

ANALYZE FREQUENGY CHARACGTERISTICS

OF SOUND DATA

.~ SB05

CALCULATE FUNDAMENTAL FREQUENCY

-~ S607

GENERATE SOUND DATA IMAGE

5609

DISPLAY SOUND DATA IMAGE

.~ S611

SELECT MACHINE LEARNING MODEL

. ~S613

GENERATE MACHINE LEARNING MODEL

29



EP 4 109 058 A1

FIG.

18B

™

.~ S615

ACQUIRE SOUND DATA

- S617

ANALYZE FREQUENC

Y CHARACTERISTICS

//8619

CALCULATE FUNDAMENTAL FREQUENCY

YES

FUNDAMENTAL FREQUENCY AGREE?

S621

5623

GENERATE SOU

ND DATA IMAGE

5625

DETERMINE NOR

MAL/ABNORMAL

5627

DISPLAY DETERMINATION RESULT

5629

SAVE DETERMINATION RESULT

DETERMINATION PROCESSING END?

S631

3

0



10

15

20

25

30

35

40

45

50

55

EP 4 109 058 A1

INTERNATIONAL SEARCH REPORT International application No.
PCT/IB2020/000097

A. CLASSIFICATION OF SUBJECT MATTER

Int. Cl. GO1H3/08(2006.01)i, GOIM99/00(2011.01)i, GO6T7/00(2017.01)i, G10L25/30(2013.01)1,
G01L25/51(2013.01)1

FI: G10L25/30, GO1H3/08, GO1M99/00 z, GO6T7/00 350B, G10L25/51 300

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)

Int. Cl. GO1H3/08, GO1MS9/00, GO6T7/00, G10L25/30, GlOL25/51

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

Published examined utility model applications of Japan 1922-1996
Published unexamined utility model applications of Japan 1971-2020
Registered utility model specifications of Japan 1996-2020
Published registered utility model applications of Japan 1994-2020

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category* Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.
X WO 2019/176029 Al (YAMAHA CORPORATION) 19 1-3, 5, 10
Y September 2019, paragraphs [0036], [0068]1-[0069], 1-5, 7-8, 10
[0071]
Y JP 2013-076909 A (CASIO COMPUTER CO., LID.) 25 1-5, 7-8, 10

April 2013, paragraphs [0010]-[0013], [0026]-
[0032], [0044]-[0045]

Y JP 2017-521705 A (FRAUNHOFER-GESELLSCHAFT ZUR 4, 7-8
FORDERUNG DER ANGEWANDTEN FORSCHUNG E. V.) 03
August 2017, paragraph [0051]

N &
M Further documents are listed in the continuation of Box C. See patent family annex.
*  Special categories of cited documents: “T”  later document published after the international filing date or priority
“A”  document defining the general state of the art which is not considered date and not in conflict with the application but cited to understand
to be of particular relevance the principle or theory underlying the invention
“E’  earlier application or patent but published on or after the international “X”  document of particular relevance; the claimed invention cannot be
filing date considered novel or cannot be considered to involve an inventive
“L”  document which may throw doubts on priority claim(s) or which is step when the document is taken alone
c1tec} to establish the Pubhcatlon date of another citation or other “Y”  document of particular relevance; the claimed invention cannot be
special reason (as specified) considered to involve an inventive step when the document is
“0”  document referring to an oral disclosure, use, exhibition or other means combined_wilh one or more t_:ther _such documents, such combination
“P"  document published prior to the international filing date but later than being obvious to a person skilled in the art
the priority date claimed “&”  document member of the same patent family
Date of the actual completion of the international search Date of mailing of the international search report
09.06.2020 23.06.2020
Name and mailing address of the ISA/ Authorized officer
Japan Patent Office
3-4-3, Kasumigaseki, Chiyoda-ku,
Tokyo 100-8915, Japan Telephone No.

Form PCT/ISA/210 (second sheet) (January 2015)

31



10

15

20

25

30

35

40

45

50

55

EP 4 109 058 A1

INTERNATIONAL SEARCH REPORT International application No.

PCT/IB2020/000097

C (Continuation).

DOCUMENTS CONSIDERED TO BE RELEVANT

Category*

Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

Y

WA . vxNet TERT-99% a1 OV A, k. #%RA
SRY-TYRT-IARERT. 02 July 2018, pp. 175-196,
non-official translation (SAKAMOTO, Takayuki.
Introduction to Programming Data Analysis AI Made
with MXNet. First Edition. K.K. C&R Kenkyujo.)

JP 9-166483 A (HITACHI, LTD.) 24 June 1997, entire
text, all drawings

RNIGRALR . RBERCEMITEIRSRE, $hEETHITEARE
OERWHE. BREEDICY. 01 october 2018, no. 769, pp.
34-35, non-official translation (OZAKI, Kentaro.
Machine Learning and Vibration Power Generation
for Vibration Monitoring: Railway Technical
Research Institute Launches Fault Detection
Feasibility Study. Nikkei Monozukuri [Design].)

8

Form PCT/ISA/210 (continuation of second sheet) (January 2015)

32




10

15

20

25

30

35

40

45

50

55

EP 4 109 058 A1

INTERNATIONAL SEARCH REPORT International application No.

PCT/IB2020/000097

Patent Documents referred to in
the Report

Publication Date

Patent Family Publication Date

WO 2019/176029 Al
JP 2013-076909 A
JP 2017-521705 A

JP 9-166483 A

19.09.2019
25.04.2013
03.08.2017

24.06.1997

(Family: none)
(Family: none)

US 2017/0110135 Al
paragraph [0149]

WO 2016/001067 Al

EP 2963645 Al

CN 106575510 A

KR 10-201 7-0030549 A
(Family: none)

Form PCT/ISA/210 (extra sheet) (January 2015)

33




EP 4 109 058 A1
REFERENCES CITED IN THE DESCRIPTION
This list of references cited by the applicant is for the reader’s convenience only. It does not form part of the European
patent document. Even though great care has been taken in compiling the references, errors or omissions cannot be
excluded and the EPO disclaims all liability in this regard.

Patent documents cited in the description

« WO 2015068446 A [0003]

34



	bibliography
	abstract
	description
	claims
	drawings
	search report
	cited references

